Development of a Machine Learning Classifier to retrieve Time-Series of
Ash Componentry at Tungurahua Volcano, Ecuador (1999-2016
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1. What is componentry? 2. Geological Context and Sampling
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for near-real-time monitoring. Fig 2: a) Map of the Northern Andean Volcanic Zone b) Timeline of eruptive and seismic activity for Tungurahua's latest eruptive period. Dashed lines indicate samples used in this study.

6. Synthesis

Umsupervise A

Quick and easy-to-use. Grains can be imaged and
processed in 24 hours. Applicable for monitoring.
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No need for a pre-determined classification
scheme, so can better visualise the full range of
grain types in the eruption.

Prediction: Altered_material
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Clusters are not comparable for every sample, so
proportions cannot be quantified for time-series.
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t-SNE Dimension 2
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Supervised

Very quick and easy-to-use once trained. The
extent of training needed may depend on the
samples and the observatory's facilities.
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Prediction: Juvenile Prediction: Free_crystal Prediction: Altered_material Prediction: Juvenile Prediction: Juvenile

Fig 5: VolcAshDB classification example for sample TUNG_07-04. Bars show prediction likelihood
for each component. Red circles show that the sample set is not similar to the training set.
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t-SNE Dimension 1 O Classification was done by the VolcAshDB open-source model under the 4- Quantifiable and classifies with higher accuracy

than unsupervised learning once trained.
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Fig 4: t-SNE visualisation of grains. Coloured clusters identified by

, component scheme in Figure 1.
k-means clustering

Results are subject to engrained biases in the

Fig 3: a - Optical microscope image (HIROX HRX-01); b - Scanning Electron Microscope surface Grain images were segmented, and 40 shape, textural ‘ The 'out-of-the box' model over-predicted false positives for lithic and free crystal
classification scheme and training dataset.

image (FEI Quanta 650 FEG); c - Image a with inverted colours (easier for classification); ) components. Trainina on Tunaurahua samples will be needed to improve accurac
d - Phase map of a cross-section of the grain (TESCAN TIMA) O and colour features were extracted. t-SNE P ' 9 g p P Y,

dimensionality reduction was used to visualise the

160 grains from 16 samples were imaged by 3 different microscopes to distribution of features across grains.

@ understand the petrogenesis of different grain types and to identify components
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